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$EVWUDFW:DYHOHWEDVHGWHFKQLTXHVKDYHEHHQZLGHO\XVHGWRH[WUDFWSDUWLDOGLVFKDUJH3'VLJQDOVIURP
QRLV\ VLJQDOV *HQHUDOO\ WKH SURFHGXUH FRQVLVWV RI  VWHSV ZDYHOHW VHOHFWLRQ GHFRPSRVLWLRQ VFDOH
GHWHUPLQDWLRQ DQG QRLVH HVWLPDWLRQ :DYHOHW VHOHFWLRQ LV WKH ILUVW DQG PRVW LPSRUWDQW VWHS IRU LWV
VXFFHVVIXO DSSOLFDWLRQ LQ3' GHQRLVLQJ+RZHYHU GHVSLWHPDQ\ YDULDQWV RI WHFKQLTXHV GHSOR\HG WKH
VXFFHVVUDWHLVQRWJHQHUDOO\JRRGHVSHFLDOO\ZKHQWKHVLJQDOWRQRLVHUDWLRLVXQLW\RUOHVV7KLVSDSHU
GLVFXVVHVDQRYHOWHFKQLTXHWKDWDGGUHVVHVWKLVLVVXH7KHWHFKQLTXHLVLQVSLUHGE\WKHFRQFHSWRI6KDQQRQ
HQWURS\DQGWKHDVVRFLDWHGLQIRUPDWLRQFRVWIXQFWLRQV,&)LQLQIRUPDWLRQWKHRU\,W LVDGDSWLYHWRWKH
GHWHFWHG3'VLJQDOV7KHSDSHUGHPRQVWUDWHVWKDWWKHSURSRVHGWHFKQLTXHLVHIIHFWLYHZKHQDSSOLHGWR3'
VLJQDOV REWDLQHG WKURXJK ODERUDWRU\ H[SHULPHQWV DQG RQVLWH PHDVXUHPHQWV :KHQ WKLV WHFKQLTXH LV
DSSOLHGWRFDEOHGLDJQRVWLFVLWVKRXOGKDYHWKHSRWHQWLDOWRH[WHQGWKHUDQJHRI3'GHWHFWLRQIURPFDEOHV 
 
,QGH[7HUPV'HQRLVLQJGHWHFWLRQSDUWLDOGLVFKDUJHZDYHOHWVHOHFWLRQZDYHOHWHQWURS\ 
 
1. Introduction 
3DUWLDOGLVFKDUJH3'PHDVXUHPHQWLVDQHIIHFWLYHWHFKQLTXHIRUWKHPRQLWRULQJRIHOHFWULFDOLQVXODWLRQ
+RZHYHU3'VLJQDOVDUHQRUPDOO\FRQWDPLQDWHGE\QRLVH IURPWKHHQYLURQPHQWZKLFK LQFUHDVHV WKH
GLIILFXOW\ RI WKHLU GHWHFWLRQ 7R HIIHFWLYHO\ H[WUDFW 3' VLJQDO IURP QRLV\ VLJQDOV YDULRXV GHQRLVLQJ
WHFKQLTXHVVXFKDVDGDSWLYHILOWHU>@>@DQGWKHZDYHOHWEDVHGWHFKQLTXH>@±>@KDYHEHHQDGRSWHG
WR UHPRYH QRLVH 7KH ZDYHOHWEDVHG WHFKQLTXH KDV EHHQ ZLGHO\ XVHG LQ UHFHQW \HDUV VLQFH ZDYHOHW
WUDQVIRUP FDQ VLPXOWDQHRXVO\ SURYLGH VLJQDO LQIRUPDWLRQ ERWK LQ WLPH DQG IUHTXHQF\ GRPDLQV 7KLV
DGYDQWDJHLVSDUWLFXODUO\XVHIXOIRUWKHSURFHVVLQJRIQRQVWDWLRQDU\VLJQDOVHJ3'VLJQDOV  
,WLVDGHVLUDEOHSURSHUW\WKDWDGHQRLVLQJWHFKQLTXHFDQPD[LPL]HWKHHOLPLQDWLRQRIWKHQRLVHZKLOH
PLQLPL]LQJWKHORVVRIWKHLQIRUPDWLRQEHDULQJVLJQDORILQWHUHVW,QWKHFDVHRIZDYHOHWEDVHGGHQRLVLQJ
WHFKQLTXHDQRLV\VLJQDOLVGHFRPSRVHGLQWRPXOWLVFDOHZDYHOHWFRHIILFLHQWVE\DVHOHFWHGEDVLVIXQFWLRQ
7KRVHZDYHOHWFRHIILFLHQWVDVVRFLDWHGZLWKQRLVHDUHSURFHVVHGE\DQHVWLPDWHGWKUHVKROGDQGWKXVWKH
VLJQLILFDQWIHDWXUHVRIWKHVLJQDORILQWHUHVWDUHUHWDLQHG5HFRQVWUXFWLRQLVWKHQSHUIRUPHGWREXLOGWKH
GHQRLVHGVLJQDO%DVHGRQWKHSURFHVVHVRIGHFRPSRVLWLRQDQGUHFRQVWUXFWLRQZDYHOHWEDVHGGHQRLVLQJ
LV GHWHUPLQHG E\ WKUHH DVSHFWV WKH FKRLFH RI ZDYHOHW GHFRPSRVLWLRQ VFDOH DQG QRLVH RU WKUHVKROG
HVWLPDWLRQ7KHFKRLFHRIDVXLWDEOHZDYHOHWEDVLVIXQFWLRQLVWKHILUVWDQGPRVWVLJQLILFDQWVWHSIRUWKH
DSSOLFDWLRQRIZDYHOHWEDVHGGHQRLVLQJDVWKHZDYHOHWFDQEHWUDQVODWHGDQGVFDOHGWRUHSUHVHQWWKHVLJQDO
RILQWHUHVWDVHIIHFWLYHO\DVSRVVLEOH,QSUDFWLFHGLIIHUHQWGHQRLVHGVLJQDOVDUHREWDLQHGE\XVLQJGLIIHUHQW
ZDYHOHWEDVLVIXQFWLRQV>@7KLVWHFKQLTXHLVDOVRDSSOLHGWRWKHILHOGRIZDYHOHWEDVHG3'GHQRLVLQJ$V
VXFKWKHLQYHVWLJDWLRQRIDQDSSURSULDWHZDYHOHWEDVLVIXQFWLRQIRUZDYHOHWEDVHG3'GHQRLVLQJKDVEHHQ
SHUIRUPHGLQ>@>@ 
A wavelet selection scheme was introduced in [9] based on the correlation coefficient between a 
known PD signal and wavelet waveform. This scheme is termed correlation-based wavelet selection 
scheme (CBWSS). The optimal wavelet is desired to generate the highest wavelet coefficients in wavelet 
analysis of PD signals, and thus, the essence of PD signal of interest can be effectively preserved. Based 
on this, the wavelet that can maximize the correlation coefficient is selected as the most appropriate 
wavelet for PD denoising. This approach for best wavelet selection, however, has an inherent limitation, 
it requires prior knowledge of PD waveforms. The waveform of PD signals depends on: the type and 
location of PD sources, propagating medium and path, and the detecting circuit. The variability of PD 
waveforms impedes the application of CBWSS for online PD monitoring systems. Also, it is not a scale-
dependent wavelet selection scheme. The denoised PD signal may not be as good as expected. The most 
significant drawback, however, is that the PD signal is normally corrupted by the noise in the 
environment, which can lead to the selected wavelet being a match of the noisy PD signal rather than the 
pure PD signal, especially when the signal to noise ratio (SNR) is very low. In an attempt to overcome 
the limitation mentioned above in CBWSS, a scale-dependent energy-based wavelet selection scheme 
(EBWSS) was presented in [10]. The wavelet that can maximize the energy ratio of approximation 
coefficients at each decomposition scale is selected as the best wavelet. It has been demonstrated to 
outperform CBWSS [10]. In EBWSS, two typical PD waveforms, damped exponential PD pulse (DEP) 
and damped oscillating PD pulse (DOP), were used to demonstrate the energy criterion for the optimal 
wavelet selection. With further exploration in details of EBWSS, it has been found that the criterion is 
not strictly true for DOP signals, particularly when the decomposition scale increases. The motivation of 
this paper is therefore to provide an automated and data-driven selection scheme for the best wavelet 
selection in the context of PD denoising.  
In this paper, the new wavelet selection scheme is inspired by the concept of Shannon Entropy [11], 
and the associated information cost functions (ICF) in information theory [12]±[14]. An ICF can select 
the best wavelet to expand a signal in wavelet domain. Wavelet entropy, derived from Shannon Entropy, 
can measure the randomness of the wavelet coefficients at each decomposition scale. The smaller the 
wavelet entropy, the lower the randomness of the wavelet coefficients. As such, the new selection scheme 
is proposed with the combination of ICF and wavelet entropy, and termed wavelet entropy-based wavelet 
selection scheme (WEBWSS). Simulated PD signals, i.e., DEP and DOP, PD signals obtained through 
laboratory experiment using test samples with artificial defects and on-site PD measurements are used to 
demonstrate the performance of this novel wavelet selection scheme. Results show that it is a promising 
wavelet selection scheme to improve the effectiveness of PD denoising. 
 
2. Wavelet-Based Technique 
2.1 Wavelet Theory 
:DYHOHWWUDQVIRUP:7LVDQDOWHUQDWLYHDSSURDFKWRWUDGLWLRQDOPHWKRGVHJ)RXULHU7UDQVIRUPLQ
VLJQDOSURFHVVLQJ7KHPDMRUDGYDQWDJHRI:7LVWKDWLWFDQPDSDVLJQDOLQWKHWLPHIUHTXHQF\SODQH
'XHWRWKLVDGYDQWDJH:7LVDSURPLVLQJWHFKQLTXHLQWKHDQDO\VLVRIYDULDWLRQVLQVLJQDOVRULPDJHV
ZLWKWKHUHTXLUHPHQWVRIERWKWLPHDQGIUHTXHQF\LQIRUPDWLRQ:7FDQEHLQWHUSUHWHGDVDQH[SDQVLRQRU
GHFRPSRVLWLRQRIVLJQDOVRULPDJHVLQWHUPVRIDZDYHOHWWKDWFDQEHVFDOHGLQDQDXWRVLPLODUZD\>@
7KHRUWKRJRQDOSURSHUW\RIWKHZDYHOHWXVHGIRUWKHH[SDQVLRQRUGHFRPSRVLWLRQLVWKHHVVHQFHLQ:7
*HQHUDOO\:7LVDFKLHYHGWKURXJKWKHDSSOLFDWLRQRIFRQWLQXRXVZDYHOHWWUDQVIRUP&:7RUGLVFUHWH
ZDYHOHWWUDQVIRUP':7':7LVSUHIHUDEOHGXHWRLWVUHSUHVHQWDWLRQRIVLJQDOVRULPDJHVWKURXJKLWV
':7 FRHIILFLHQWV ZLWKRXW UHGXQGDQF\ DQG WKXV LV XVLQJ OHVV FRPSXWDWLRQDO WLPH ,Q WKLV SDSHU WKH
ZDYHOHWEDVHGWHFKQLTXHUHIHUUHGWRLVWKH':7  
,Q>@WKHZDYHOHWH[SDQVLRQRIDVLJQDO[FDQEHH[SUHVVHGDV  ݔ ൌ ෍ ෍ ܥ௝ǡ௜  ? ௝߰ǡ௜ ǡ௝௜                      (1)  
ZKHUHERWKLDQGMDUHLQWHJHULLVWKHWLPHGHOD\LQGH[DQGMLVWKHVFDOHLQGH[  ሼ߰௝ǡ௜ሽ LVWKHH[SDQVLRQ
VHWRIZDYHOHWEDVLV IXQFWLRQVDQG ሼܥ௝ǡ௜ሽ LV WKHVHWRIH[SDQVLRQFRHIILFLHQWVRUZDYHOHWFRHIILFLHQWV
ZKLFKLVFDOOHGWKHGLVFUHWHZDYHOHWWUDQVIRUPRI[7KHH[SDQVLRQLQLVWKHLQYHUVHGLVFUHWHZDYHOHW
WUDQVIRUP,':77KHVFKHPHRI':7IRUVLJQDOGHFRPSRVLWLRQLVGHSLFWHGLQ)LJXUH$VLJQDOLV
FRQYROYHGZLWKWKHORZDQGKLJKSDVVILOWHUVDQGIROORZHGE\DGRZQVDPSOLQJRSHUDWLRQE\,QVLJQDO
SURFHVVLQJWHUPLQRORJ\WKHRXWSXWVRIWKHORZDQGKLJKSDVVILOWHUVDUHWHUPHGDSSUR[LPDWLRQDQGGHWDLO
FRHIILFLHQW UHVSHFWLYHO\ 7KH DSSUR[LPDWLRQ FRHIILFLHQW LV XVHG DV WKH LQSXW VLJQDO IRU QH[WVFDOH
GHFRPSRVLWLRQ7KLVGHFRPSRVLWLRQLVLWHUDWHGXQWLOWKHSUHGHILQHGVFDOH ܬUHDFKHV,WLVLPSRUWDQWWR
QRWHWKDW WKHPD[LPXPGHFRPSRVLWLRQVFDOH ܬ௠௔௫ LVGHILQHGDV ORJ1ZKHUH1 LV WKHOHQJWKRIWKH
LQSXWVLJQDO7KHUHFRQVWUXFWLRQRIWKHLQSXWVLJQDOLHLQYHUVH':7,':7LVDUHYHUVHRSHUDWLRQDV
VKRZQLQ)LJXUH,QVWHDGRIGRZQVDPSOLQJLQ':7XSVDPSOLQJLVLQYROYHGLQ,':7)LJXUHVKRZV
WKHSURFHVVHVRI,':7IRUVLJQDOUHFRQVWUXFWLRQ7RREWDLQSHUIHFWVLJQDOUHFRQVWUXFWLRQWKHORZDQG
KLJKSDVVILOWHUVDUHGHVLJQHGDVTXDGUDWXUHPLUURUILOWHUV40)V 
 
3/$&(),*85(+(5( 
3/$&(),*85(+(5( 
 
(TXDOO\ WKH LPSOHPHQWDWLRQRI':7LQ VLJQDOGHFRPSRVLWLRQDOVRFDQEH LQWHUSUHWHG LQ WKH IUHTXHQF\
GRPDLQ$VVKRZQLQ)LJXUHWKH':7SURFHVVLVHTXLYDOHQWWRILOWHULQJWKHVLJQDOE\WKHILOWHUSDLUVWKHORZ
SDVVILOWHUKDQGWKHKLJKSDVVILOWHUJ,GHDOO\WKHVHILOWHUSDLUVKDOYHWKHIUHTXHQF\EDQGZLWKWKHLQFUHDVHRI
VFDOH/HWIVEHWKHVDPSOLQJIUHTXHQF\RIWKHLQSXWVLJQDOWKHIUHTXHQF\EDQG*ZRIWKHRXWSXWRIWKHKLJK
SDVVILOWHULVIVaIVZKLOHWKHIUHTXHQF\EDQG+ZRIWKHRXWSXWRIWKHORZSDVVILOWHULVaIV)RUQH[W
VFDOH+ZLVIXUWKHUVSOLWLQWR*ZDQG+ZZKLFKDUHIVaIVDQGaIVUHVSHFWLYHO\7KHIUHTXHQF\
EDQG LV LWHUDWLYHO\KDOYHG LQ WKHVXEVHTXHQWGHFRPSRVLWLRQ LQ WKH VDPHPDQQHUXQWLO WKHSUHGHILQHGVFDOH
UHDFKHV)RUD-VFDOH':7WKHGLVWULEXWLRQRIWKHFRUUHVSRQGLQJIUHTXHQF\EDQGVLVVKRZQLQ)LJXUH,WFDQ
EHVHHQWKDWWKHIUHTXHQF\EDQGRIORZSDVVILOWHULVaIV-DQGWKHIUHTXHQF\EDQGRIKLJKSDVVILOWHUVLV
IV-aIVIRUDIXOOVFDOHGHFRPSRVLWLRQ 
3/$&(),*85(+(5( 
 
2.2 Wavelet-based Denoising  
7KHZDYHOHWGHQRLVLQJWKHRU\LVGHSHQGHQWRQWKHIXQGDPHQWDOLGHDWKDWWKHHQHUJ\RIDVLJQDOLVRIWHQ
FRQFHQWUDWHGLQRQO\DIHZFRHIILFLHQWVZKLOHWKHHQHUJ\RIQRLVHLVZLGHO\VSUHDGDPRQJDOOWKHFRHIILFLHQWV
LQ WKHZDYHOHWGRPDLQ >@ >@ >@*HQHUDOSURFHGXUHV IRU WKHZDYHOHWEDVHGGHQRLVLQJRID VLJQDODUH
SUHVHQWHGDVIROORZV 
1) Apply DWT to decompose the noisy signal s with a selected wavelet to a predefined scale J, and obtain 
approximation coefficients ௃ܽ at the final scale J and detail coefficients ௝݀ at decomposition scale j, 
where j = 1, 2, ..., J. 
2) Estimate the threshold through a noise estimation technique and apply this threshold to detail coefficients, ௝݀, at decomposition scale j using hard or soft thresholding scheme.  
3) Apply IDWT to the approximation coefficients ௃ܽ  and the processed detail coefficients ௝݀ᇱ  to 
reconstruct the denoised signalݏᇱ. 
%DVHGRQWKHQRLVHHVWLPDWLRQWHFKQLTXHSURSRVHGLQ>@>@WKHVFDOHGHSHQGHQWWKUHVKROGXVHGLQWKLV
SDSHULVHVWLPDWHGE\ ݐ݄ݎ௝ ൌ ܯܣܦห ௝݀ห ?Ǥ ? ? ? ?ට ?ሺ ௝݊ሻǡ (2) 
ZKHUH ܯܣܦȁ ?ȁ LVWKHPHGLDQDEVROXWHGHYLDWLRQRIWKHGHWDLOFRHIILFLHQWV  ௝݀ DWGHFRPSRVLWLRQVFDOHMDQG௝݊ LVWKHOHQJWKRI ௝݀)RUWKHWKUHVKROGLQJVFKHPHVRIWWKUHVKROGLQJLQ>@LVXVHGLQWKLVSDSHUWKHIXQFWLRQ
LVJLYHQE\  
௝݀ǡ௜ᇱ ൌ  ቊ ݏ݃݊൫ ௝݀ǡ௜൯൫ห ௝݀ǡ௜ห െ ݐ݄ݎ௝൯݂݅ห ௝݀ǡ௜ห ൐ ݐ݄ݎ௝ ?݅ ݂ห ௝݀ǡ௜ห ൑ ݐ݄ݎ௝ ǡ (3) 
ZKHUH ݅ ൌ  ?ǡ ?ǡ ǥ ǡ ௝݊ . 
 
2.3 Wavelet Entropy 
7KHFRQFHSWRIZDYHOHWHQWURS\ZDVGHULYHGIURP6KDQQRQHQWURS\DQGSUHVHQWHGLQ>@6XSSRVH ሼܥ௝ǡ௜ሽ
DUH WKH ZDYHOHW FRHIILFLHQWV REWDLQHG WKURXJK D -VFDOH ZDYHOHW WUDQVIRUP LQ ZKLFK M UHSUHVHQWV WKH
GHFRPSRVLWLRQVFDOHDQG ݆ ൌ  ?ǡ  ?ǡ ǥ ǡ ܬLGHQRWHVWKHLWKHOHPHQWLQ ܥ௝ǡ௜ DQG ݅ ൌ  ?ǡ  ?ǡ ǥ ǡ ௝݊ ǡ ௝݊ LVWKHOHQJWK
RIZDYHOHW FRHIILFLHQWVDW VFDOH M7KH HQHUJ\RIZDYHOHWFRHIILFLHQWV DW WKHGHFRPSRVLWLRQVFDOH M FDQEH
FDOFXODWHGE\ ܧ௝ ൌ  ෍หܥ௝ǡ௜หଶ௜ Ǥ                          (4) 
7KHGLVWULEXWLRQRIHQHUJ\SUREDELOLW\IRUZDYHOHWFRHIILFLHQWVDWVFDOHMFDQEHGHULYHGE\   
݌௜ ൌ หܥ௝ǡ௜หଶ ? หܥ௝ǡ௜หଶ௞  ൌ  หܥ௝ǡ௜หଶܧ௝                            (5) 
ZLWK   ? ݌௜ ൌ  ?௜ :DYHOHWHQWURS\ ܹܧሺ݆ሻ LVGHILQHGDVIROORZV>@ 
ܹܧሺ݆ሻ ൌ  െ ෍ ݌௜ ሺ݌௜ሻ௜ Ǥ (6) 
6LPLODU WR 6KDQQRQ HQWURS\ ZDYHOHW HQWURS\ LV DSSOLHG WR PHDVXUH WKH GHJUHH RI GLVRUGHU RI ZDYHOHW
FRHIILFLHQWVRUVLJQLI\WKHUDQGRPQHVVRIZDYHOHWFRHIILFLHQWV,WLVLPSRUWDQWWRQRWHWKDWZDYHOHWHQWURS\LV
QRW DQ LQIRUPDWLRQ FRVW IXQFWLRQ ,&) VLQFH LW UHTXLUHV WKH HQHUJ\ RI ZDYHOHW FRHIILFLHQWV WR EH
QRUPDOL]HGDVVKRZQLQDQGLVWKXVQRWDGGLWLYH>@>@6XEVWLWXWLQJLQWR\LHOGV ܹܧሺ݆ሻ ൌ  ෍ ݌௜  ൬  ?݌௜൰௜   
 ൌ  ෍ หܥ௝ǡ௜หଶܧ௝   ܧ௝หܥ௝ǡ௜หଶ௜   
 ൌ   ?ܧ௝  ൭෍หܥ௝ǡ௜หଶ  ܧ௝ ൅ ෍หܥ௝ǡ௜หଶ௜   ?หܥ௝ǡ௜หଶ௜ ൱  
 ൌ  ܧ௝ ൅  ?ܧ௝  ሺ෍หܥ௝ǡ௜หଶ௜   ?หܥ௝ǡ௜หଶᇩᇭᇭᇭᇭᇪᇭᇭᇭᇭᇫ
௟ ሻ  
 ൌ  ܧ௝ ൅ ݈ ܧ௝ൗ Ǥ (7) 
,Q ݈ LVDQ,&)EDVHGRQWKHGHILQLWLRQLQ>@$VVXFKZDYHOHWHQWURS\LVDPRQRWRQLFLQFUHDVLQJIXQFWLRQ
RI ݈ZKLFKPHDQVPLQLPL]LQJ ݈ RYHUZDYHOHWFRHIILFLHQWVPLQLPL]HVZDYHOHWHQWURS\ 
 
3. Partial Discharge Signals 
Two theoretical PD pulses, i.e., damped exponential PD pulse (DEP) and damped oscillating PD pulse 
(DOP), are simulated using their mathematical frames derived based on two different PD detecting circuits 
[4], [10]. In this paper, DEP and DOP are given by the formula in [10]: ݏଵሺݐሻ ൌ ܣሺ݁ିఈభ௧ െ ݁ିఈమ௧ሻǡ (8) ݏଶሺݐሻ ൌ ܣሺ݁ିఈభ௧ܿ݋ݏሺݓௗݐ െ ߮ሻ െ ݁ିఈమ௧ܿ݋ݏ߮ሻǡ (9) 
whereݏଵሺݐሻ and ݏଶሺݐሻ are the DEP and DOP respectively. The values of ܣ, ߙଵ , ߙଶ , ௗ݂ , ݓௗ  and  ߮ 
used in these two equations are listed in Table 1. 
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The simulated sampling frequency ௦݂ is set to  ? ?ܯܪݖ. Figure 4 shows these two simulated PD signals both 
in time and frequency domains. Generally,  DOP signal shown in Figure 4 (c) and (d) is closer to a real high-
frequency PD signal detected from electrical power equipment in practice [10].  
To develop the new scheme for practical use, real PD signals were generated through an artificial defect of 
a  ?݉ ݉ ൈ  ?݉ ݉ breach in the outer conductor created in a 1.5m 11 kV ethylene propylene rubber-insulated 
(EPR) cable sample [20]. PD signals were collected using a high frequency current transformer (HFCT).  The 
specifications of the HFCT are listed in Table 2. Details regarding the experiment setup are depicted in Figure 
5 [20]. 
3/$&(),*85(+(5( 
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Experiments were performed at various voltage levels. The PD pulses measured at 9kV are used as the real 
PD signals to demonstrate the new wavelet selection scheme in this paper. One PD pulse, named ݏଷ, with 
2048 sample points was selected and depicted in Figure 6. 
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4. Wavelet Selection Schemes (WSS) 
4.1 Correlation-based Wavelet Selection Scheme 
,QVLJQDOSURFHVVLQJFRUUHODWLRQLVDPHDVXUHRIDVVRFLDWLRQEHWZHHQWZRVLJQDOVDQGPRVWFRPPRQO\XVHG
LVWKHOLQHDUFRUUHODWLRQFRHIILFLHQW)RUWZRVLJQDOV ݔ௜ DQG ݕ௜  ݅ ൌ  ?ǡ ?ǡ ǥ ǡ ܰWKHQRUPDOL]HGFRUUHODWLRQ
FRHIILFLHQWȖLVJLYHQE\>@ ߛ ൌ   ? ሺݔ௜ െ ݔҧሻሺݕ௜ െ ݕതሻ௜ඥ ? ሺݔ௜ െ ݔҧሻଶ௜  ?ඥ ? ሺݕ௜ െ ݕതሻଶ௜ ǡ (10) 
ZKHUH ݔҧ LVWKHPHDQRI[LDQG ݕത LVWKHPHDQRI ݕ௜ 7KHYDOXHRIȖLVLQWKHUDQJHRIWR,WWDNHVRQD
YDOXHFORVH WR LQGLFDWLQJ ݔ௜ DQG ݕ௜  DUHSRVLWLYHO\FRUUHODWHGDQGDYDOXHFORVH WR GHQRWLQJ WKH\DUH
QHJDWLYHO\FRUUHODWHG$YDOXHRIȖQHDU]HURPHDQV ݔ௜ DQG ݕ௜  DUHXQFRUUHODWHG  
For CBWSS [9], correlation is used as a measure of the similarity between a pure PD signal and a wavelet, 
and this similarity is referred to as their shapes. The more similar their shapes, the higher the correlation 
coefficient is. The wavelet that has the highest correlation coefficient with the shape of a PD signal is selected 
to maximize the wavelet coefficients through wavelet analysis. 
The general process for the choice of appropriate wavelet using CBWSS is described as follows 
a. Analyze the detected PD signal to generate Dµtypical¶ PD pulse. 
b. Set up a wavelet library, consisting of the wavelets that have similar characteristics to the PD pulse. 
c. Normalize the PD pulse and each wavelet retrieved from the wavelet library. 
d. Calculate the correlation coefficient, ߛ, between the PD pulse and each wavelet. 
e. Select the wavelet that has the maximum correlation coefficient with the PD pulse, it will be applied 
for the following wavelet-based denoising. 
$V LQGLFDWHG LQ 6HFWLRQ WKH &%:66DSSURDFK LV OLPLWHGE\ QRLVH DQG LV VFDOHLQGHSHQGHQW$OVR D
KHXULVWLFPHWKRGZDVLQWURGXFHGLQ>@WRREWDLQEHWWHUFRUUHODWLRQUHVXOWV5HVDPSOLQJERWKWKH3'VLJQDO
DQGZDYHOHWIXQFWLRQLQWLPHGRPDLQLVDSSOLHGWRDOLJQWKHLUSHDNVDVZHOODVWKHLUILUVW]HURFURVVLQJSRLQWV
DIWHUWKHSHDNV7KLVPHWKRGLVDOVRDGRSWHGLQWKLVSDSHUIRUFRPSDULVRQVRIGHQRLVLQJUHVXOWVEHWZHHQ
(%:66DQG:(%:66PHWKRGV 
 
4.2 Energy-based Wavelet Selection Scheme 
EBWSS was proposed by Li [10], in which the wavelet that can maximize the energy ratio of the 
approximation coefficients is selected as the best wavelet for PD denoising. For a one-dimensional wavelet 
decomposition, the energy ratio of approximation aj at scale j is defines as follows [10]: 
ܧ௔ ൌ  ?  ௝ܽǡ௜ଶ௜ ?  ௝ܽǡ௜ଶ௜ ൅  ?  ? ௝݀ǡ௜ଶ௜௝ ǡ  (11) 
where ݅ ൌ  ?ǡ ?ǡ ǥ ǡ ௜݊,݊௜ is the length of approximation coefficients or detail coefficients at scale j, and dj is 
the detail coefficients at scale j. 
The idea of wavelet energy was introduced in EBWSS. For an orthogonal wavelet, energy preservation is 
one of the desirable properties of DWT [21]. The equation for energy preservation is given by  ԡܺԡଶ ൌ  ԡܽԡଶ ൅ ԡ݀ԡଶǡ                            (12) 
where ܽ and ݀ are the approximation and detail coefficients of the DWT of a signal ܺ. This property is also 
applied to PD signals using DWT decomposition. A PD signal ݏ can be decomposed into ܬ scales with ܬ ൅ ?signals, i.e.,  ݏଵǡ ݏଶǡ ǥ ǡ ݏ௃ ǡ ݏ௃ାଵ. Among these signals, ݏଵǡ ݏଶǡ ǥ ǡ ݏ௃ are detail coefficients from scale 1 to 
scale ܬ, while ݏ௃ାଵ is the approximation coefficients at scale ܬǤ The energy of a decomposed signal ݏ௞ is 
given by  ܧ௞ ൌ   ? ݏ௞ଶሺ݅ሻ௜ ǡ  (13) 
where ݇ ൌ  ?ǡ ?ǡ ǥ ǡ ܬ ൅  ?, ݅ ൌ  ?ǡ ?ǡ ǥ ǡ ௜݊ , and ݊௜  is the length of ݏ௜ . Then, ݏ  can be represented by a 
normalized energy vector ൫݁ଵǡ ݁ଶǡ ǥ ǡ ௃݁ǡ ௃݁ାଵ൯, where ݁௞ is defined as ݁௞ ൌ ܧ௞ԡݏԡଶ ൌ ܧ௞ ? ܧ௞௞ୀ௃ାଵ௞ୀଵ Ǥ                             (14) 
,WFDQEHVHHQWKDWWKHFRQFHSWRIHQHUJ\UDWLRLQ(%:66FDQEHLQWHUSUHWHGDVDQRUPDOL]HGHQHUJ\YHFWRU
)LJXUHVKRZV WKH'(3'23DQGZKLWH*DXVVLDQQRLVH:*1XVHG LQ >@ WRH[SODLQ WKHFULWHULRQRI
(%:66IRUZDYHOHWVHOHFWLRQ)LJXUHDDQGEVKRZWKH'(3VLJQDODQGLWVQRUPDOL]HGHQHUJ\YHFWRU
UHVSHFWLYHO\(TXDOO\)LJXUHFDQGGVKRZWKH'23VLJQDODQGLWVQRUPDOL]HGHQHUJ\YHFWRU)LJXUHH
DQGIVKRZ:*1DQGLWVQRUPDOL]HGHQHUJ\YHFWRU%DVHGRQ)LJXUHEGDQGHWKHDSSUR[LPDWLRQV
RIWKH'(3DQG'23VLJQDOVFRYHUWKHPRVWHQHUJ\RIWRWDOFRHIILFLHQWVZKLOHWKHGHWDLOVRI:*1SUHVHUYHWKH
PRVWHQHUJ\RIWRWDOFRHIILFLHQWV>@ 
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7KHJHQHUDOSURFHVVIRUWKHFKRLFHRIDQDSSURSULDWHZDYHOHWXVLQJ(%:66LVSUHVHQWHGDVIROORZV 
a. *LYHQ a wavelet library ሼ߰௜ ǣ ݅ ൌ  ?ǡ ?ǡ ǥ ǡ ܰሽ VHOHFW D ZDYHOHW IURP ሼ߰௜ሽ DQG perform DRQHVFDOH
DWT decomposition of a QRLV\ PD signal 2EWDLQ its approximation coefficients ܽଵሺ௜ሻ DQG GHWDLO
FRHIILFLHQWV ݀ଵሺ௜ሻ 
b. Calculate the HQHUJ\UDWLR of approximation coefficients ܧ௔భሺ೔ሻ based on (). ,I ܧ௔భሺ೛ሻLVWKHPD[LPXP
RI ܧ௔భሺ೔ሻ  ? ൑ ݌ ൑ ܰVHOHFW ߰௣ DVWKHRSWLPDOZDYHOHWIRUWKHILUVWVFDOH 
c. $SSO\ ߰௣ WRREWDLQWKHDSSUR[LPDWLRQFRHIILFLHQWV ܽଵሺ௣ሻ DQG ݀ଵሺ௣ሻ 
d. ܽଵሺ௣ሻ LVXVHGDVWKHLQSXWVLJQDOIRUQH[WVFDOH':7GHFRPSRVLWLRQDQGVHOHFWWKHRSWLPDOZDYHOHWEDVHG
RQWKHVWUDWHJ\XVHGLQVWHSVDEDQGF  
e. ,WHUDWHWKHVWHSVDERYHXQWLOWKHSUHGHILQHGGHFRPSRVLWLRQVFDOH-UHDFKHV7KHRSWLPDOZDYHOHWIRU
HDFKGHFRPSRVLWLRQVFDOHZLOOEHVHOHFWHG 
Results in [10] show that EBWSS outperforms CBWSS for the best wavelet selection. However, EBWSS 
is not as robust as expected. It selects the wavelet that can maximize the energy ratio of approximation 
coefficients. It is not strictly true for DOP signals, particularly when the decomposition scale increases. It can 
be seen from the normalized vector of DOP in Figure 7 (d), the energy of PD signal with a 6-scale 
decomposition is preserved on the detail coefficients rather than approximation coefficients. When more scales 
are required, for example, 7 scales, the EBWSS is still trying to select the appropriate wavelet by maximizing 
the energy ratio of approximation coefficients. 
 7KHOLPLWDWLRQRI(%:66FDQEHLQWHUSUHWHGLQWKHIUHTXHQF\GRPDLQ%DVHGRQ3DUVHYDO¶VWKHRUHPWKH
WLPHDQGIUHTXHQF\GRPDLQVDUHHTXLYDOHQWUHSUHVHQWDWLRQVRIWKHVLJQDODQGWKXVWKH\PXVWKDYHWKHVDPH
HQHUJ\>@$VPHQWLRQHGLQ6HFWLRQWKHILOWHUSDLUVRI':7LWHUDWLYHO\KDOYHWKHIUHTXHQF\EDQGVRID
VLJQDOZLWKWKHLQFUHDVHRIGHFRPSRVLWLRQVFDOHV7KHVSHFWUXPRI'(3'23DQGZKLWH*DXVVLDQQRLVHDUH
LOOXVWUDWHGLQ)LJXUHDEDQGFUHVSHFWLYHO\:LWKDVFDOHGHFRPSRVLWLRQWKHILOWHUSDLUVLWHUDWLYHO\
VHSDUDWH WKHVH VLJQDOV LQWR GLVMRLQW IUHTXHQF\ EDQGV ܩଵሺݓሻǡ ܩଶሺݓሻǡ ǥ ǡ ܩ଺ሺݓሻDQG ܪ଺ሺݓሻǤ )URP WKH
VSHFWUDOFXUYHRI'23LWLVFOHDUWKDWWKHPDJQLWXGHVRIIUHTXHQF\LQ ܩହሺݓሻ DQG ܩ଺ሺݓሻ DUHODUJHUWKDQWKRVH
DWRWKHUIUHTXHQF\EDQGV,WLVLQDJUHHPHQWZLWKWKHQRUPDOL]HGYHFWRURI'23VKRZQLQ)LJXUHE:LWK
IXUWKHU GHFRPSRVLWLRQ WKH HQHUJ\ RI WKH VLJQDO ZLOO EH SUHVHUYHG LQ GHWDLO FRHIILFLHQWV UDWKHU WKDQ
DSSUR[LPDWLRQFRHIILFLHQWV 
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4.3 Wavelet Entropy-based Wavelet Selection Scheme 
As mentioned in Section 2.3, wavelet entropy is not an ICF, but ݈ in (7) is monotonically increased with 
the wavelet entropy. As such, the best wavelet also can be selected when the value of wavelet entropy is 
minimum. In [13], it was shown that wavelet entropy value is inversely proportional to the energy concentrated 
in the number of wavelet coefficients. It is also known that white noise, the noise source for PD corruption in 
this paper, has high degree of randomness or disorder, and thus, the entropy value can describe the random 
characters of noise [23]. Based on this, a smaller value of wavelet entropy indicates that the wavelet used for 
WT decomposition can preserve more energy of the original signal in fewer number of coefficients and contain 
less white noise in the wavelet coefficients and, consequently, the wavelet used is closer to the best wavelet as 
expected. A new criterion for the best wavelet selection is therefore proposed, i.e., a wavelet that can have 
minimum wavelet entropy of the approximation coefficients at each decomposition scale through WT 
decomposition will be selected for denoising of PD detection. The new method has several promising 
advantages: it is scale-dependent, automated, and data-driven.  
The general process for the proposed novel wavelet selection scheme is illustrated in the flow chart in 
Figure 9.  
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Given a wavelet library ሼ߰௜ ǣ ݅ ൌ  ?ǡ ?ǡ ǥ ǡ ܰሽ, one wavelet of which is selected for a one-level DWT 
decomposition of a noisy PD signal s(n) each time. Next the wavelet entropy of the generated approximations 
is calculated based on (6) and (7). The wavelet ߰௣ሺ ? ൑ ݌ ൑ ܰሻ that minimize the wavelet entropy of 
approximations will be selected as the best wavelet. The selected ߰௣  is then applied for the DWT 
decomposition of s(n) for the first scale, obtaining approximation coefficients ܽଵሺ௣ሻ and detail coefficients 
݀ଵሺ௣ሻ . Finally, ܽଵሺ௣ሻ  is used as the input signal for next scale DWT decomposition, using the strategy 
presented above. When the predefined decomposition scale J reaches, the best wavelet for each scale will be 
successfully selected. 
 
5. Results and Analysis 
Generally, parameters, e.g., magnitude error (ME), mean square error (MSE), signal to noise ratio (SNR), 
and cross correlation (XCORR) are adopted to evaluate the performance of a proposed denoising method or 
algorithm. ME, MSE, and XCORR are used in this paper to compare the denoising results of different wavelet 
selection schemes. XCORR is calculated based on (11), and ME, MSE are calculated by the equations as 
follows, ܯܧ ൌ  ݉ െ ݉ᇱ݉ ǡ     (15) ܯܵܧ ൌ   ? ሾݏሺ݅ሻ െ ݏᇱሺ݅ሻሿே௜ୀଵ ܰ ǡ     (16) 
where ݉ and ݉ᇱ are the magnitudes of ݏሺ݅ሻ and ݏᇱሺ݅ሻ respectively. ݏሺ݅ሻ represents the original signal 
and ݏᇱሺ݅ሻ denotes the denoised signal. N is the length of signals. Better denoised results can be obtained with 
lower ME, MSE, and higher XCORR.  
In this paper, PD signals are corrupted by white noise, and then, various wavelet selection schemes are used 
to remove the noise and evaluated by the parameters mentioned above. As mentioned in Section 4.2, EBWSS 
is not strictly true when the decomposition scale increases over 6. To highlight the limitations of EBWSS, the 
decomposition scale is set to 7 for the results analysis. Two simulated PD signals, s1 and s2, and real PD signal, 
s3, as well as their noisy signals NS1, NS2 and NS3 with SNR = -10 are depicted in Figure 10. It is important to 
note that the original real PD signal shown in Figure 6 is corrupted by ambient noise during experiment. To 
mitigate the effect of this noise on the denoising results, it has been pre-processed using the method introduced 
in [10]. The smoothed real PD signal is depicted in Figure 10 (e). 
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'HQRLVHGVVDQGVXVLQJ&%:66(%:66DQG:(%:66DUHVKRZQLQ)LJXUHDEDQGF
UHVSHFWLYHO\7KHUHODWHGSDUDPHWHUVXVHGWRHYDOXDWHWKHLUSHUIRUPDQFHRQ3'GHWHFWLRQDUHOLVWHGLQ7DEOH
,WFDQEHVHHQIURP)LJXUHDQG7DEOHWKDW:(%:66KDVEHWWHUSHUIRUPDQFHWKDQWKHRWKHUVRIZDYHOHW
EDVHGGHQRLVLQJRI3'GHWHFWLRQ6LPXOWDQHRXVO\LWDOVRYHULILHVWKHFRQFOXVLRQSUHVHQWHGLQ>@WKDW(%:66
RXWSHUIRUPV&%:66LQ3'GHQRLVLQJ 
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Significant advancement of the proposed scheme in the denoising of single PD signals cannot be directly 
seen from Figure 11. However, two columns in Table 3, Improvement 1 and Improvement 2, have presented 
the improvements by WEBWSS. Improvement 1 is the improved ratio (%) of the use of WEBWSS to CBWSS 
and Improvement 2 is the improved ratio (%) of the use of WEBWSS to EBWSS. From magnitude error (ME), 
mean square error (MSE), and cross-correlation coefficients (XCORR), significant improvements can be seen 
from these figures. The underlying meaning of the improvement of ME is PDs with small magnitude may be 
picked up by the use of WEBWSS as compared to the other two schemes. This enhanced capability of PD 
detection has been verified through the application of WEBWSS in on-site PD data, which will be delineated 
in Figure 15. Also, the improvement of MSE and XCORR indicates that less distortion of the denoised signals 
can be achieved through WEBWSS. It is good for the accuracy of PD location. 
 
In the attempt to fully evaluate the performance of the new wavelet selection scheme, PD signals buried by 
various noise levels are investigated. SNR are set to -15, -10, -5, 0, and 5 for this investigation, representing 
different noise levels.  The parameters used to evaluate the performance of three different schemes are plotted 
in Figure 12, Figure 13, and Figure 14 for S1, S2, and S3 respectively. From the trends of ME, MSE, and 
XCORR for all denoised signals with the increase of SNR (the higher SNR, the lower noise level is), the new 
wavelet selection scheme is better than the existing schemes for wavelet-based denoising of PD detection 
under various noise levels, and the performance is particularly good when the SNR is low. 
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A PD signal is collected from one power substation in the UK with a sample rate of 100MS/s. The PD 
sensor is the same type of HFCT used in laboratory in Section 3. Figure 15 delineates the original on-
site PD signal and its denoised versions by CBWSS, EBWSS, and WEBWSS, respectively. It can be 
seen that not only the PD pulses with magnitudes higher than the noise level has been extracted, but those 
ones with small magnitudes buried in the noise has been successfully extracted through the application 
of WEBWSS in Figure 15 (d). However, the number of the PD pulses with small magnitude that have 
been extracted by CBWSS and EBWSS, as shown in Figure 15 (b) and (c), is less than that by WEBWSS. 
The difference of the number of small-magnitude PD extraction among these three schemes has been 
highlighted in red line in Figure 15. The denoising result of on-site PD signal provides further support 
that the proposed wavelet selection scheme is more advantageous than the existing EBWSS and CBWSS 
for denoising of PD detection of electrical apparatus in practice.     
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6. Conclusion 
A novel wavelet selection scheme based on the concept of information cost function and Shannon entropy 
has been proposed in this paper and the results showed that the technique improved the effectiveness of 
wavelet-based denoising of PD detection, especially for situations when the signal to noise ratio is unity or 
less. The technique is scale-dependent, automated, and data-driven and these properties enable it to be a 
promising technique in the context of PD detection. Based on the denoised results obtained from both 
simulated and real PD signals, it shows better performance than the existing wavelet selection schemes, 
particularly when the SNR is low. Accordingly, it has the potential to extend the range of PD detection in 
cables through the application of this technique. 
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Table 1. Values of parameters used in (8) and (9) [10]. 
Parameters Values ܣ 1 ߙଵ  ? ?଺ݏିଵ ߙଶ  ? ?଻ݏିଵ ௗ݂  ?ܯܪݖ ݓௗ  ?ߨ ௗ݂ ߮ ݐܽ݊ିଵሺݓௗȀߙଶሻ 
 
 
 
 Figure 4.  (a) and (b): DEP signals simulated in time and frequency domain respectively; (c) and (d): DOP signals simulated in 
time and frequency domain respectively. 
 
Table 2. Specifications of the HFCT. 
Parameters HFCT 
Sensitivity 5 V/A 
-3 dB bandwidth 90 kHz 瀤 20 MHz 
Internal diameter 50 mm 
External diameter 110 mm 
Load resistance 50 ߗ 
Output conductor BNC 
Manufacturer IPEC 
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Figure 5.  PD testing of a defective 11 kV EPR cable. HFCT was used to collect PD pulses (Ck and Zm represent the coupling 
capacitor and measuring impedance respectively). 
 
 Figure 6.  Real PD pulse, s3, detected from a defective EPR cable under 9kV AC voltage 
 
 
Figure 7.  Representation of (a): DEP, (c): DOP, and (e): WGN by normalized vectors (b), (d) and (f) respectively. 
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Figure 8. Spectrum of (a): DEP, (b): DOP, and (c): WGN. 
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Figure 10.  (a) and (b): s1 and its noisy signal NS1 with SNR = -10, (c) and (d): s2 and its noisy signal NS2 with SNR = -10, (e) 
and (f): s3 and its noisy signal NS3 with SNR = -10. 
 Figure 11.  (a): Denoised s1 using CBWSS, EBWSS and WEBWSS, (b): Denoised s2 using CBWSS, EBWSS and WEBWSS, 
(c): Denoised s3 using CBWSS, EBWSS and WEBWSS. 
 
Table 3. Parameters used to evaluate the performance of wavelet selection schemes. 
  CBWSS EBWSS WEBWSS 
Improvement 1 
(%) 
Improvement 2 
(%) 
s1 
ME 0.3701 0.3457 0.3071 17 11.2 
MSE 0.0055 0.0028 0.0024 56.4 14.3 
XCORR 0.8689 0.9358 0.9495 8.5  1.4  
s2 
ME 0.5686 0.5673 0.5238 7.9 7.7 
MSE 0.0054 0.0044 0.0041 24.1 6.8 
XCORR 0.8757 0.9182 0.9414 7.0  2.5  
s3 
ME 0.5937 0.5457 0.4997 15.8 8.4 
MSE 0.00035 0.00037 0.00027 22.9 27 
XCORR 0.8501 0.9369 0.9502 10.5  1.4  
 
 
 
 Figure 12.  ME, MSE and XCORR between s1 and denoised s1. 
 
 
Figure 13.  ME, MSE and XCORR between s2 and denoised s2. 
 
 
Figure 14.  ME, MSE and XCORR between s3 and denoised s3. 
 
 Figure 15.  The denoising results of on-site PD signal: (a) On-site detected PD signal; (b), (c), (d) are the denoised PD signal by 
CBWSS, EBWSS, and WEBWSS, respectively. 
 
